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Abstract. Assistive technologies help users with disabilities (physical,
sensory, intellectual) to perform tasks that were difficult or impossible to
execute. Thus, the user autonomy is increased through this technology.
Although some adaptation of the user might be needed, the effort should
be minimum in order to use devices that convey assistive functionalities.
In cognitive disabilities a common diminished capacity is orientation,
which is crucial for the autonomy of an individual. There are several
research works that tackle this problem, however they are essentially
concerned with user guidance and application interface (display of in-
formation). The work presented herein aims to overcome these systems
through a framework of Speculative Computation, which adds a predic-
tion feature for the next move of the user. With an anticipation feature
and a trajectory mining module the user is guided through a preferred
path receiving anticipated alerts before a possible shift in the wrong
direction.
1 Introduction
Cognitive disability is a broad concept which includes different intellectual or
cognitive deficits. These deficits may be present from birth (like birth defect) or
may be acquired later (like traumatic brain injury). More precisely, this term is
used to define a person who has more difficulties in one or more types of mental
tasks when compared to an ordinary person [17]. A disability may be present
in several levels of incidence, varying from mild to extreme. An individual with
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severe or extreme cognitive disabilities needs constant assistance throughout his
everyday life whereas a mild to moderate disabled person may be capable of
having an independent life, only requiring some assistance in certain activities.
Assistive technology aims to increase, maintain or even improve functional
capabilities of a person with disabilities [1]. A mental task commonly affected
is orientation, which is imperative for an independent life. Thus, it is necessary
to have technologies that assist the user during his travel between home and
office/school. Using an orientation device the user is sufficiently autonomous
to travel between his current location to a predefined destination. Current ap-
proaches focus essentially on the guidance activity, giving more attention to the
information display and to the communication with a caregiver [5, 11, 9].
This work proposes an orientation system that, besides guiding the user, tries
to anticipate possible mistakes. An alert is triggered when the user is expected
to make a wrong turn in his path. In order to adapt the system to the user it
is also included an trajectory mining feature so it is possible to calculate a path
that is preferred by the user (which may not be the shortest one).
This paper is organized as follows. Section 2 briefly presents related work
concerning orientation systems for people with cognitive disabilities. Section 3
provides a description of the orientation system giving emphasis to new develop-
ments on the Speculative Module and Trajectory Mining Module. The Specula-
tive Module that hosts the framework for Speculative Computation is explained
in Section 4. On Section 5 the Trajectory Module used to get a path according
to the user’s preferences is described . Finally, conclusions are drawn and future
work considerations are made in Section 6.
2 Related Work
The works described in [11], [5] and [9] are examples of three different orientation
methods for people with cognitive disabilities. In these examples the main goal is
to guide a person outdoors from the current location to a predefined destination.
The difference between them resides in how this is done, but all are particularly
focused on the user interface. Thus, they lack the predictive capabilities which
would allow them to anticipate wrong user actions and apply necessary measures
to avoid them, and the capability of adjusting the path to user preferences.
The technological development of smartphones brought more portability to
the user since it became possible to execute applications in small and portable
devices. These devices are specially important to people with cognitive disabil-
ities since it is through them that the user may contact his caregiver. In order
to execute an application to guide the user, the developers have to pay special
attention to the interface [8].
With the goal of guiding cognitive disabled people and considering the sys-
tems interface, Carmien et al. [5] developed an application that enables the user
to travel using a public transportation system reducing the effort needed to un-
derstand complex transportation maps. While the user is travelling, a personal
travel assistant ensures that the user has taken the correct bus, alerting him
otherwise.
Liu et al. [11] focused their research on the display of instructions. They used
static pictures with overlaid arrows (or highlighted areas in an image), audio
and/or visual messages to guide the user. Their objective was finding the best
way of providing the directions to the user using either static pictures reflecting
user perspectives with landmarks that are easy to find or visual/audio messages
whenever an image is not available.
A different approach was used by Fraunhofer Portugal in the AlzNav orienta-
tion system [9]. This system used an arrow that resembles a compass to guide the
user. Thus, the user has to interpret the information presented on the device’s
screen. Besides the compass, the user has also information about the street he is
and the distance he should travel in the calculated direction. This systems has
also a monitoring system enabling caregivers to know the current position of the
user through a SMS.
The previously presented approaches tackle some important aspects of ori-
entation systems for people with cognitive disabilities. However there are some
features that should be considered in order to make the system adaptable to
the user and not the other way around. Predicting user steps is a big advan-
tage for this type of system since it is possible to identify critical points in a
certain path and alert the user before he makes a mistake. If the system is able
to predict when an error will occur, it can issue an alert to the user reinforcing
the right path. Another important feature is the ability to adjust the path to
the user since he may prefer to travel for a longer but preferred path instead of
taking the shortest one. These are the kind of features proposed in this work.
The goal is to develop an orientation system that adapts to the user, maximizing
his autonomy and consequently his independence.
3 System Description
CogHelper is an ongoing project [16, 14, 15] with two main goals: provide an
efficient orientation system for people with cognitive disabilities and provide
a tracking system for caregivers. The former is accomplished through an aug-
mented reality interface so users only need to align the mobile device with the
correct travelling path in order to see a green arrow indicating the right direc-
tion. The latter enables caregivers to know in any time the current position of
the person with disabilities.
The orientation method under development is conceived for outdoors which
has been fully described in [13]. The core of the system is considered to be fully
developed, i.e., both applications for caregivers (mobile and web), the webser-
vices (running on the server) needed in order to assure communications between
applications, the database, and finally the mobile application for the person with
cognitive disabilities. At this point this application uses augmented reality for
the orientation and the selected path is the shortest one (not being adapted to
the user as proposed in this paper).
The primary target of CogHelper system is people with cognitive disabilities.
Thus the mobile application intended to this audience is composed by four lay-
ers (see Fig. 1), each with specific functions. The Information Layer stores the
information for the normal execution of the application (like user data and his
contacts). In the Localization Layer the current user position is retrieved from
the GPS module of the device (or from the network) and is used by the Nav-
igation Algorithm. To this information is added data gathered from the device
sensors, like the camera, magnetic sensor and accelerometer (enabling the sys-
tem to compute the device’s direction), which are used by the decision algorithm
to ensure the user is travelling in the correct path. All information is then pre-
sented to the user through the user interface (under the System input/output).
A detailed description of previously cited modules is done in [14]. Being an on-
going project, CogHelper is being improved with new modules in order to give
the system an adaptability feature. The Trajectory mining and Speculative Mod-
ule components (depicted in Fig. 1) are responsible for the adaptability of the
system to the user.
Fig. 1: Information layers of the CogHelper Module for People with Cognitive
Disabilities
The Trajectory mining component generates a path that is preferred by the
user (which may not be the shortest one), i.e., the path is calculated according to
the preferences of the user (historic data from previous uses of the application).
The Speculative Module ensures that the user is travelling in the correct path
alerting him otherwise. These modules are described in more detail in Section 5
and Section 4, respectively.
Moreover, one cannot exclude the development of additional features, such
as the ones described in [6], in order to detect other user activities, namely fall
detection.
4 Speculative Module for Users with Cognitive
Disabilities
The Speculative Module under the mobile application for people with cognitive
disabilities has the objective of predicting the next step of the user (when using
the orientation system) and use that prediction to set the information that should
be displayed to the user (alert/warning or acknowledge messages). The execution
of the Speculative Computation resembles an interface between the rules with
the instructions for the correct path, the set of default values (predictions about
user travels from one location to another), and real information returned by
information sources (informing the real journey of the user).
Through the use of this module the system continues its execution using a
default value (whenever the real information is missing) or using the real one
(returned from the information sources). Thus, the system does not enter an idle
state when there is missing information. It tries to generate a tentative solution
for the problem, which is revised when the real information is received (to verify
if the default value is consistent with the real one).
For the execution of the Speculative Computation module the computation
changes between its normal execution phase (Process Reduction Phase) and
temporarily to a revision phase (Fact Arrival Phase) to revise the computa-
tion according to the received values. The initial information, before execution,
represented in the Speculative Computation framework includes:
1. All the possible paths between two points, in the form of connections between
intermediary points, as facts in the knowledge base;
2. The transitions between points usually performed by the user as default
values;
3. Information of whether a point is included or not in the recommended path
as default values;
4. A set of rules that structure the derivation of the path the user is likely to fol-
low given the information during execution and the issuing of alerts/warnings
in case of a potential mistake;
At the beginning of the computation, when there is no information regarding
the actual position of the user and his transitions between the most relevant
points, the defaults are used in the Process Reduction Phase to build the most
likely path, step by step, and issue the warnings for potential mistakes or ac-
knowledgements of correctly taken steps. A warning is issued whenever a user
is likely to take the wrong path, which may happen when the defaults tell the
computation that the user will make a transition to a point not included in the
correct path. Through Fact Arrival, the GPS sensor and a recognizer inform the
Speculative Module of the actual transitions of the user and whether the points
are indeed part of the correct path or not. If the user actually moves to a point
not included in the correct path, the recognizer re-calculates the path to the
destination and a point previously out of the correct path may suddenly become
part of the new path. Fact Arrival Phase is the mechanism through which this
information is updated and the tentative paths produced for a user are adjusted
and improved.
Items 1, 2, and 3 from the list above are obtained from a Trajectory Mining
Module. Item 1 corresponds to the calculation of the possible paths between two
points, producing a reduced graph, with only the most relevant points an the
connections between them. Item 2 is obtained from the pattern mining of the
trajectories usually taken by the user, reflecting his walking habits. Finally, item
3 corresponds to the calculation of the recommended path between the point of
origin and the destination, expressed in the form of intermediary points included
in the route. It is also stated which points are not included in this route. As an
example, one can consider the graph of Figure 2, in which the objective is for
the user to move from node 1 to node 3. From the Trajectory Mining Module it
is possible to know that the user usually moves from 1 to 2, from 2 to 3, but also
from 3 to 4, from 4 to 5, from 5 to 6, and from 6 to 3. Additionally, it is possible
to determine that nodes 1, 2, and 3 are part of the shortest path, while node 4 is
obviously not. However, since the user, when in node 2, usually moves to 4, this
is identified during Process Reduction as a point where a mistake may happen
and, as a result, a warning is issued. If, during Fact Arrival, it is confirmed
the user indeed moves to 4, this node becomes now part of the route and the
alternative path including 5 and 6 is selected. Although simple, this example
illustrates the role of the Speculative Module in producing instructions for the
user and preventing mistakes in his path.
Fig. 2: Possible ways to travel between locations 1 and 3.
Below there is a logic program that represents the formalization of the prob-
lem depicted in Figure 2 and the situation described above according to the
Speculative Computation Framework for Users with Cognitive Disabilities. Its
components include: Σ, a representation of existing system modules responsible
for providing information; E , the predicates which represent the necessary infor-
mation to derive the path of the user; ∆ is the default answer set and consists in
a set of default values; A, a set of abducible predicates; and P is a logic program
with a set of clauses. In the logic program given below the literal path(a, b) de-
notes that there is a physical connection between the locations a and b, thus the
user may travel between them. The literal show next point is used to indicate
that the system must show the next location to which the user should travel.
This location may be an intermediate point or the final destination. Whenever
the user travels in the wrong direction the literal show user warning is acti-
vated indicating to the system that it must alert the user. In the set E there
are the predicates user travel(a, b) (which states that the user will travel from
location a to location b) and included(a) (to indicate if a location a is part of the
route). The values for these predicates are asked from the information sources
gps sensor and recognizer, respectively. The former verifies if the user is trav-
elling from point A to B. The latter checks if point B is included in the set of
valid locations.
– Σ = {gps sensor, recognizer}
– E = {user travel, included}
– ∆ = {user travel(1, 2)@gps sensor, user travel(2, 3)@gps sensor,
user travel(2, 4)@gps sensor, user travel(4, 5)@gps sensor,
user travel(5, 6)@gps sensor, user travel(6, 3)@gps sensor,
included(1)@recognizer, included(2)@recognizer,
included(3)@recognizer,∼ included(4)@recognizer
included(5)@recognizer, included(6)@recognizer,
– A = {show next point, show user warning}
– P is the following set of rules:
guide(A,A)← .
guide(A,B)←
path(A,F ),
show next point(F ),
user travel(A,F )@gps sensor,
guide(F,B).
guide(A,B)←
path(A,F ),
user travel(A,F )@gps sensor,
show user warning(F ),
guide(F,B).
path(1, 2)← .
path(2, 3)← .
path(2, 4)← .
path(4, 5)← .
path(5, 6)← .
path(6, 3)← .
– I denotes the following set of integrity constraints or invariants:
⊥←
show next point(F ),
∼ included(F )@recognizer.
⊥←
show user warning(F ),
included(F )@recognizer.
5 Trajectory Mining Module
Advances in mobile computation (e.g., smartphones) and in location-acquisition
methods (e.g., GPS module) enabled the gathering of massive spatial trajectory
data, which, in turn, has raised the interest of researchers in trajectory data
mining [19]. According to [7] there are three important attributes when consid-
ering Behavioural Pattern Mining: location, trajectory and behaviour. The first
attribute considers the extraction of important user locations (like home or of-
fice). The second one considers the trajectory modeling through the extraction
of regular routes. The last attribute emphasizes the extraction of behavioural
patterns. Thus the system may be able to predict the user’s destination through
his current path.
Through active recording (the user location is logged only when the applica-
tion is running) it is possible to obtain the position of the user. However there
are a few steps that precede the trajectory pattern mining like trajectory data
preprocessing and trajectory data management [19].
Fig. 3: Generation of default values schema
For the mining module operation it is important to consider the existence
of user historic data. When the user is using CogHelper for the first time (thus,
there isn’t any information about his travelling habits) the system calculates
the shortest path and uses it as input for the speculative computation module
in order to guide the user. When there is available information about the user,
the mining module extracts similar routes according to the current user location
and the intended destination and use them for the trajectory pattern mining.
Ending this process the data is sent to the speculative computation module
(as default values) so the system is able to guide the user. Before applying the
pattern mining the retrieved data need to be preprocessed. An illustration of
this process is presented in Figure 3.
5.1 Data Preprocessing
In a first step (trajectory data preprocessing) it is important to remove the noise
from each collected position (Figure 4a is an example of raw data collected during
a travel). There may be points that may appear outside the travelled route (due
to a bigger GPS error), which should not be considered for the trajectory data
mining (Figure 4b). Then, since collected locations represent a large number of
samples, it is important to remove excessive data, i.e., points that do not bring
useful information like intermediate points in roads without intersections.
(a) Route obtained from database raw
data
(b) Error removal from raw data
Fig. 4: Trajectory data processing
After this process, the remaining data should represent locations on a map
that may appear slightly outside the road. Thus, a map matching process is
necessary in order to align the collected data with the existing real maps.
Ending this preprocessing stage and before starting the trajectory data min-
ing process, the system has to obtain similar routes (e.g., travel paths with
the same destination and a similar starting point). Thus, instead of using all
routes for this stage, the system selects the similar routes (or similar route parts)
through similarity/distance functions. When, for a user, there is no route for an
intended destination the system selects the shortest path.
5.2 Trajectory Mining
Finally, the trajectory data mining may begin. For this process there are different
types of pattern mining. The described process may be considered as a standard
for the use of trajectory data mining, however there might be some derivations
of it. According to its own proposes an author may adapt this standard for his
algorithm or system.
In [10] the authors consider a trajectory pattern as a set of individual tra-
jectories which share an identical sequence of visited places. For their trajectory
pattern mining in an initial stage the authors try to get a set of regions of inter-
est (which is possible by different approaches) and then the authors try to define
the trajectory patterns. Giannotti et al. intend to apply their trajectory pattern
mining in the analysis of traffic flows. An extension of this work is presented
in [12] in which the authors make use of all trajectories saved on the database
to construct a predictive model in order to be able to predict the user’s (or ob-
ject’s) next move (e.g., predict where the user will be when the GPS module is
temporarily unavailable).
A different approach is applied in [2]. Here the aim is to automatically obtain
the frequent moves, neglecting the time at which their occur. To the authors a
trajectory is an ordered list of stops and moves, i.e., the user moves between to
places (considered as stops) in which he stays for a given time interval. For their
purpose the authors intend to discover the pattern of moves between two places
usually done by the users regardless the intermediate points (e.g., the streets or
roads used). Using this data Alvares et al. could obtain answers for questions
like the most frequent stops during a period of time, which stops have a duration
higher than a predefined threshold, among others.
Chen, in [7], propose a model in which after the geo-coordinates extraction,
a tree-based hierarchy graph is built. Through this the author intends to apply
hierarchy density clustering algorithms like OPTICS [18] to find patterns in the
recorded data. The OPTICS algorithm [18] has been used for mining people’s
life pattern using GPS log data. This is an algorithm that tries to find density-
based clusters in the spatial data [4]. For this process a distance metric between
location points is required in order to group the data into clusters.
Considering the different models and their application our goal is to define the
best strategy to apply in CogHelper. According to our research and considering
the goal for each method/algorithm, we consider that OPTICS will be the most
appropriated for our system.
6 Conclusions and Future Work
This work proposes a trajectory mining method which produces a set of de-
fault values. These values are considered the predictions for the directions that
the user should follow in order to travel between his current location to the
intended destination. The trajectory mining module process uses data from pre-
vious executions of the system, which are used to obtain the best travelling
path (according to user preferences) and critical points, such as intersections in
which the user may take the wrong turn. Through this set of default values the
Speculative Computation module is used as a mechanism that determines if it
is necessary to issue an alert or not. The integration of these two modules are
the main contribution of this work. The speculative framework is independent
of how the trajectory mining is achieved using the calculated values to ensure
the correct travel. A structured reasoning method is provided through the com-
bination of these modules. After preprocessing the data, it is possible to apply
different trajectory mining techniques. Our future goal is to determine the most
appropriate one for the problem.
In order to better perceive the advantages and disadvantages of CogHelper, a
comparison with different systems (presented in Section 2) should be conducted.
However this may not be an easy task since CogHelper has an adaptability
feature that is not present in other systems. These last are mainly focused on
the user interface (on how the information should be available to the user) and
do not adapt the travelling path to user preferences.
As future work, user privacy issues will be considered taking into account the
work developed in [3].
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